The purpose of this article is to describe our efforts to create a test of basic computer proficiency, examine its properties using parametric test scoring methods, and identify some antecedents and consequences that accompany differences in performance. We also consider how much insight people have into their level of knowledge by examining the relationship between our tested measure of computer knowledge and self-rated knowledge scores collected at the same time. This research also adds to the large body of existing empirical work on computer literacy in the student population, by looking at computer literacy in a more general sample of the Internet-using population. A further purpose of this research, as a result, is to make our dataset available for future research. 
Introduction
Computers are a ubiquitous part of everyday life, though 20 years ago most people had little experience with any kind of computer, mainframe or personal. Most people over 50 years old had no exposure to computers in secondary school or college.
Today, children begin using computers for play and work, in schools and at home, at a very early age. E-mail is a very common form of communication for young and old, but until the advent of the first internet browsers in the mid 1990's, few people had access to it. In recent years, advances in software tools and computing power has made the entire experience of using a computer much more user friendly; the minimum knowledge threshold to effectively use a computer is much lower today than it was even a few years ago. In fact, such advances have been the result of a concerted effort on the part of computer manufacturers, on-line service providers, and on-line retailers to increase the installed base of potential consumers.
In conjunction with the increased importance that computers play in everyday life, the societal norms for computer literacy have changed. As an example, many states have instituted computer proficiency examinations as a requirement for graduation, to ensure that all high school graduates obtain basic computer mastery. For example, beginning with the high school class of 2000, the state of North Carolina instituted a mandatory computer proficiency exam (http://www.ncpublicshools.org/testing/). As we concur that understanding basic computer mastery has potential importance, we address it in this research. Therefore, we set about to construct a test that would provide a measure of basic computer ability and knowledge in the general population of computer users, without being constrained to evaluate any specific educational program. A second goal was to demonstrate how parametric psychometric models could inform test developers about the quality of test construction. A third goal was to provide a test instrument and empirical results for a rapidly changing aspect of society that might aid future research directed at tracking these changes. Then, after simultaneously collecting self-reported knowledge and internet behaviors, we link our test scores to people's perceptions of their own mastery level, collected demographics, and internet outcomes.
Such an analysis extends the contribution of this research beyond one of pure measurement instrument construction and assessment, to one that allows us to hypothesize antecedents and consequences (e.g.
internet behaviors) of obtaining basic computer proficiency. In addition, as much empirical research has focused on basic computer mastery at the student level, or at obtaining advanced mastery skills (McIrney, McIrney, and Marsh, 1997) , we focus here on basic mastery for a more broadly based internet using population.
The remainder of this article is laid out as follows. In Section 2, we describe the method used to construct our test of basic computer proficiency. In addition, we describe the population to whom our test was administered as well as the other variables collected along with our objective test items and self-reported knowledge scores. Section 3 contains the results of our empirical analyses including: tests for unidimensionality of the instrument (using factor analysis and a testlet item response theory (IRT) model),
confirmation that the battery of items is testing for basic computer proficiency (using the estimated IRT difficulty parameters), an assessment of people's knowledge calibration by relating their observed and self-report test scores, and finally an assessment of the relationship between these scores and antecedent and consequence variables. We conclude in Section 4 with a discussion.
Method

2A. Test Construction
Although there is little extant research examining the substantive and statistical characteristics of basic computer proficiency tests and test items on non-student populations, there are a large number of objective tests and self-report checklists that are used by high schools and universities. We reviewed several such instruments accessible on the world-wide-web (WWW) to help generate basic computer proficiency test items that we would use for our population of interest. We were also guided by the standards set for high school students by the National Educational Technology Standards Project (International Society for Technology in Education 1998) and by our own experience regarding computer-related competencies in universities, business practice, and consumer behavior. Because of our focus on basic proficiency, items were sought that reflected common knowledge or facts useful in a wide variety of common situations. We specifically avoided items that were directed at advanced levels of experience and proficiency.
We developed a pool of items in nine subdomains of computer proficiency:
terminology, file management, word processing, spreadsheets, data bases, printing, email, the internet, and information search. A small convenience sample was used to pretest and narrow the pool. The final test consisted of three items in each of the nine subdomains for a total of 27 items (see Table 1 ). Four of our subdomains (terminology, word processing, spreadsheets, and data bases) are directly included in most state tests of basic student computer mastery, while three of them (printing, email and the internet) are included in part under the term telecomputing. We added file management and information search as they are relevant to our population of interest, which includes computer users involved in business-related activities.
2B. Sampling
Data to form the basis of our research were collected from Internet users who Each year panelists were recruited sequentially over about a 6-month period. At various points in time over the 6-month period, the demographic characteristics of our sample were compared to the US Census' estimates of the composition of the online population. When there were significant deviations between the two samples, the WVTM altered both where recruitment banners were run, and which e-mail lists were purchased in order to over-sample under-represented sub-populations. being above 1 (due to sources of internet access other than personally owned computers).
Thus, we believe this a relevant population for study.
The computer proficiency test was completed by a sub-sample of the panelists during one of the normal data collection periods. An e-mail invitation was sent to 2,000
panelists to complete the questionnaire and 1,520 completed it for a 76% response rate.
The demographics of this sub-sample also closely matched the US Census estimates of the characteristics of the online population.
2C. Online and Offline Behavior and Attitudes Survey
As part of the WVTM, panelists completed an online survey. Part of the survey asked about online purchase and search behavior. Respondents were asked how many online purchases they had made in the immediately preceding 6 months and then asked to describe their last purchase and indicate the amount paid. They also indicated whether they had searched and/or purchased a product in the following categories: leisure travel, automobiles, financial services, computer systems, software, books, clothing, groceries, consumer electronics, music, videos, toys, and housewares. They also provided information about offline purchasing activities including buying from printed catalogs and retail stores. Panelists answered a series of attitude questions about technology products including email, the desire for new electronic gadgets, and their own technology savvy. They also expressed their attitudes about whether they would only order products from well-known companies and their concerns about privacy and transaction security.
Panelists indicated the speed of the Internet connection and other activities for which they used the Internet often including: work/research, news/current events, entertainment, banking, health care, travel, and government. Finally, panelists provided information on a comprehensive set of demographic characteristics including: age, education, occupation, income, race, gender, marital status, and number of children.
Results
The results are divided into four parts. First, we report the statistical characteristics of the items in the test. These results demonstrate that the items measure a single construct, that discrimination of most of the items is focused at a basic level, and that smaller, more efficient subsets of test items can deliver nearly the same amount of information. Second, we examine the relationship between tested and self-rated computer proficiency. These analyses can reveal how much insight people have into their own computer proficiency and knowledge. Third, we present a set of regression analyses where we examine the relationship between tested proficiency, self-rated proficiency, and the difference between tested and perceived computer proficiency (knowledge calibration) and a set of antecedent variables including prior online experience and personal demographic characteristics. Finally, we consider the influence of computer proficiency on online behaviors and attitudes (the consequences).
3A. Item Characteristics
The results from several different analyses demonstrate that the 27 items measure a single construct. First, raw scores (i.e., number correct) on the nine subtests were factor analyzed. Only two factors had eigenvalues greater than 1 and a chi-square test of the hypothesis that more than 2 factors are required to explain the correlations among the nine subscale scores failed (χ 2 = 17.3, df = 19, p =.57). The first factor accounted for approximately twice as much variance as the second and had the highest loading for 7 of the 9 subscale score variables. The two subtests that loaded highest on the second factor were Email and Information Search, suggesting the possibility that internet-related knowledge was distinct from more basic knowledge about computer usage. However, the Internet subtest loaded highest on factor 1 and 2 of the 3 Terminology questions were internet-related. Therefore, we conclude that the data were "approximately"
unidimensional. Further evidence of unidimensionality is discussed subsequently in the context of the results of estimating item response theory (IRT) models from these data.
To assess the statistical properties of our test, we initially fit the standard threeparameter item response theory model (3PL IRT, Birnbaum 1968) to the WVTM data given by
where y ij is the score for item j received by examinee i, p(y ij = 1) is the probability that examinee i answered item j correctly, θ i is the (latent) ability of examinee i, a j denotes the discrimination (slope) of item j, b j is the difficulty of item j, and c j is the pseudo-chance level parameter of item j. For a full explication of this model see Hambleton & Swaminathan (1985) , Lord (1980) and Wainer & Mislevy (1990) . We note that this approach to test property exploration, using a parametric model, is by no means exhaustive, and is supplemented in part (below), by more traditional measures. Nor in fact is it new to the literature as an application of such procedures, as applied to the North Carolina Test of Computer Skills, appears in Wang, Bradlow, and Wainer (2002) .
The parameters estimated from our computer proficiency data are given in Table   1 . In general, item discrimination is high. Eighteen items have values of a greater than one and only one value is close to zero. Item difficulty is moderate to low. Sixteen items have negative values of b. This is consistent with our goal of focusing the discriminating power of the test on basic computer proficiency. Finally, there is not a high level guessing. Sixteen items have values of c that are less than 1/k (where k is the number of response alternatives for the item). Thus, from the perspective of having items with low to modest guessing, high discrimination, and being "located" at the basic proficiency part of the scale, we felt that our test items met those criterion.
One basic concern about applying the standard 3-PL model to our data lies in the assumption of conditional independence among the items. This is especially true in this case as we designed the test to contain 9 "testlets" (Wainer & Kiely, 1987) , in this case areas of subdomain expertise for computer proficiency. To assess the reasonableness of this assumption, we fit the so-called Testlet IRT model initially proposed by Bradlow, Wainer, and Wang (1999) . The Testlet IRT model extends the basic Birnbaum model to allow for increased dependence of items within the same subscale (in our case computer proficiency domain), by modeling
where γ id(j) is an effect for person i on the testlet containing item j, d(j). As in Wang, Bradlow, and Wainer (2002) , this in essence provides subscale estimates of ability, θ i - Overall, the test appears to be reasonably constructed by traditional criteria (e.g., Holland & Wainer, 1993; Stocking and Swanson, 1998 items. We further found that 69% of the information is captured by the 9-item set formed by the top item in each subtest, and the 18-item set formed by the top two items in each subtest captures 94% of test information. Finally, all four True/False items were among the bottom 10 in information (and had either discrimination or guessing problems as well). This confirms the common testing practice of avoiding True/False items is a useful guideline in this domain as well. In summary, for the purposes of scale construct reliability in this initial foray, having "excess" items may have been of some value, but more efficient tests based on the results reported in Table 1 should be sufficient for most purposes in future research.
3B. Knowledge Calibration
The relationship between objectively measured knowledge and subjective beliefs about one's own knowledge has been studied in a variety of ways and is typically called knowledge calibration (e.g., Alba and Hutchinson, 2000) . We computed the relation between tested (i.e., measured by our 27 item battery) and self-reported computer proficiency in two different ways: within and across respondents. For the within person measure of calibration, for each respondent we first calculated their percentage correct for each of the 9 knowledge subscales. We then computed a within person correlation between these subscale percent correct scores and the self-rated knowledge ratings (measured on a 0-3 Likert scale) for the same subscales. This analysis indicated only a modest association between tested and self-rated computer proficiency, an average correlation across respondents of 0.195 (median = 0.222). The average and self-rated proficiency scores, shown in Table 2 columns 1 and 2 provides another view of why the within person correlations are not substantial. Respondents were quite overconfident in the knowledge of the internet, whereas they were underconfident in their knowledge of computer terminology and file management, at least for the battery of items that we constructed.
We also examined calibration across respondents. For each respondent we computed their measured proficiency across all 27 items and the average self-rated proficiency for the 9 knowledge domains. The across-person correlation between tested and self-rated proficiency was 0.51 suggesting that persons were better calibrated in what they knew in comparison to others, as opposed to what they knew on an objective level.
In addition we computed across person correlations between tested and self-rated proficiency at the subscale level. Those correlations appear in Table 2 column 3.
Calibration is highest for spreadsheets and lowest for information search and e-mail; most importantly they do vary widely suggesting differential ability of persons to assess their relative knowledge across subdomains. A subsequent analysis, in which we correlated an "error-free" ability subdomain estimate of θ i -γ id(j) , with the self-report scores, indicated an identical ranking pattern as Table 2 , column 3 with correlations roughly 10% higher.
3C. Antecedents of Computer Proficiency
In this section, we examine differences in tested and self-rated computer proficiency based on level and type of online computer experience, demographic characteristics, and self-rated technology expertise.
In labeling these variables "antecedents" we do not mean to make any strong claims about causality. The measures were temporally prior to our current measures and logic or common sense suggests they might exert some causal effect on computer proficiency. In some cases, it is possible that the relationship could be bidirectional or mediated by some third (possibly unobserved)
variable. Thus, we consider these to be exploratory analyses. We used four dependent
variables: (1) tested proficiency, (2) self-rated proficiency, (3) a measure of knowledge calibration, and (4) the estimated computer ability parameter, θˆ, from the IRT testlet model analysis. People who considered themselves more technology savvy did indeed display greater computer proficiency and a higher self-assessment of their knowledge. However, those who like to have the latest electronic gadgets actually scored worse on the computer proficiency test, yet rated their own self-knowledge as higher.
There are also some significant differences in computer proficiency amongst demographic groups. In terms of occupation, students and people working in technical fields scored better. There was a small but statistically significant positive effect for income. African Americans scored over 1 ¼ points lower, though the standard error is quite large. Not surprisingly, there was a positive relation between computer proficiency and education. Younger people scored higher than older people as well. These results parallel the widely reported relationships between the same demographic variables and access to computers and the internet (often called the "Digital Divide"; National
Telecommunications and Information Administration, 1999). They provide some empirical evidence that the differences extend beyond access to proficiency.
An interesting comparison emerges when we examine the pattern of coefficients for the tested versus self-rated proficiency dependent variables. Generally the coefficients are of the same sign. The two notable exceptions are for African American and desire for new electronic gadgets, where in both cases there is a negative coefficient for tested proficiency and a positive one for self-rate knowledge.
In the final analysis, we examined what factors influence knowledge calibration.
To do this, we first needed to compute the difference in tested and self-rated computer knowledge. We computed standard variates (z-scores) for both tested and self-rated computer knowledge and then the squared difference between the two. The larger is this calibration quantity, the less closely aligned is a respondent's self-rated computer knowledge with their tested knowledge. We also examined the raw difference between the two z-scores, which gives an indication of whether the error is one of over-or underconfidence in tested knowledge. We found that people with more online experience actually were less accurate in their assessment of their computer knowledge.
Surprisingly, this occurred because more online experience led people to under-estimate their tested computer knowledge ---people with more online experience display greater computer proficiency, but for some reason their self-ratings did not reflect that greater proficiency. The opposite occurred for the technology familiarity variable. People who rate themselves as having more familiarity with technology display greater computer proficiency, but not as much as they thought. Students were less well calibrated while professionals showed better calibration. Higher income groups also showed better calibration whereas better educated groups showed worse calibration. These findings certainly suggest that knowledge and assessment of one's knowledge in the computer proficiency domain is an interesting area for future research.
3D. Consequences of Computer Proficiency
We also were interested in whether computer proficiency influenced online purchase behaviors and attitudes towards privacy and security. For this analysis we regressed the variables listed in Table 4 onto both self-rated and tested computer proficiency. The first 3 variables were measured on 5-point agree (5)---disagree (1) scales.
As indicated in Table 4 , people who score higher on the computer proficiency test are generally more trusting of the Internet. They indicate that they are more willing to buy from companies that they do not know that well and they are less concerned about both privacy and monitoring of their online activities and the security of their online transactions. It is an interesting question as to which of these opinions are correct. Are less knowledgeable respondents displaying a bit of Internet paranoia or are more knowledge respondents being a bit too cavalier? It is true that Internet users generally report few big problems when it comes to online transactions; in our data a majority indicate that they never have had a bad experience with an online transaction or purchase.
At the same time, the potential for problems with privacy and security do exist and maybe only time will tell. At this point, however, consumers have no greater than a $50 liability for a stolen credit card number and few hassles, except in the very rare case of complete identity theft (Weber 2001 ). Table 4 also shows that people with greater computer proficiency, both tested and self-rated, are more likely to make online purchases. Computer proficiency is however unrelated to purchases initiated by clicking on a banner advertisement.
Discussion
Our empirical findings suggest the pool of test items used in this study yield an approximately unidimensional measure of basic computer proficiency. Furthermore, our sample of internet users people were moderately calibrated with respect to their basic computer proficiency relative to that of others, but were not well-calibrated regarding their knowledge of different subdomains of computer proficiency (albeit this result may be due in part to the idiosyncracies of the items we used). Finally, various antecedents of computer knowledge (e.g. on-line experience, familiarity with technology) were significant predictors of objective knowledge, self-reported knowledge, and calibration, and these latter measures were significantly related to consequences such as number of online purchases, and concern over buying from an internet retailer.
More generally, tracking basic computer proficiency as it develops worldwide is an important task for educational research in the coming years. It provides a rare opportunity to study the acquisition of essentially the same knowledge and skills across the full demographic spectrum in a variety of learning situations. An overarching goal in the research reported here has been to provide impetus to this task. 
